ABSTRACT Up-to-date road maps are critical for intelligent transportation applications, such as car navigation and route planning. Unfortunately, conventional road map generation through surveying and image digitizing is labor intensive and time consuming. Nowadays, a large volume of GPS trajectory data can be widely acquired from vehicles mounted GPS receivers. These GPS trajectories are natural data resources for generating up-to-date road maps. Currently, extensive road map generation methods have been developed using the GPS trajectories, however, duo to the noise, low sampling rate, and uneven density distribution of GPS trajectories, most of the state-of-the art methods are not robust enough and usually sensitive to noises. Furthermore, extensive preprocessing and complex refinement steps reduce the power and flexibility of these methods. To produce a more robust and flexible road map generation method from GPS trajectories, a novel method is proposed in this paper. The main innovation part of this paper is that we generate a road map from massive GPS trajectories through principal graph structure learning and tree linking strategy, in this manner, a best-fitting graph structure (principal graph) of GPS points is constructed by optimizing an objective function. Using this method, the influences of noise, low sampling rate, and uneven density distribution can be minimized, which makes the proposed method more robust. The simulated datasets and the real-world GPS trajectory data were used in experimental analysis. The experimental results show the robustness, validity, and strength of the proposed method.
I. INTRODUCTION
Road maps are important, basic national geographic information data and play a key role in intelligent transportation applications such as car navigation and route planning. In national mapping agencies, the generation of road maps mainly depend on surveying and digitizing pictorial maps or satellite images. Since traditional surveying method is time-consuming and labor-intensive and digitizing remote sensing images requires a large amount of postprocessing with limited accuracy, the generation of up-todate road maps is still a challenge. With the development of GNSS navigations and sensors, many location-related GPS trajectory data are being produced from vehicles equipped mounted GPS receivers [1] . The GPS trajectory data contain rich information of road network structure and has become an important new data source for generating and updating road maps [2] - [19] . For example, floating car GPS trajectories contain geometric, semantic, and topological road network information and it is useful for recognition of the number of road lanes, turning rules of intersections, speed limits, and topologies of road networks [18] - [22] , [25] - [31] . Based on the GPS trajectory big data, many researchers contributed to the road map generation [2] - [19] and traffic information [20] - [31] identification. These studies mainly focused on extracting three types of information of roads from the GPS trajectories:
A. EXTRACTING GEOMETRIC STRUCTURE OF ROAD MAPS
Chen and Cheng [2] , Shi et al. [3] and Davies et al. [4] converted the GPS trajectory data into an image and then used the mathematical morphology to refine the image to obtain the centreline of the road. Biagioni and Eriksson [5] , [6] used grayscale-skeletonized algorithm to generate an initial road map and then match the GPS points with the generated road map to refine the topology of the initial road map. These methods are efficient, the drawback is image may loss important local information during transforming GPS to raster image and difficult to maintain a consistent road map topologically. The size and the density threshold of the raster image are two critical parameters for these methods, and they are usually hard to set because of the uneven density distribution of GPS trajectories [7] , [41] , [42] . Incremental method is another commonly used strategy for extracting the geometric structure of roads [8] - [13] . In these methods, an initial GPS trajectory is selected as initial road segment at the beginning, then gradually add new GPS trajectories as new road segments to generate the whole road graph. Usually gravity model [8] or weighted Delaunay triangle model [13] is usually used to merge the new added trajectory with the road graph. The merging process is time-consuming and may generate wrong roads with low-frequency and noisy GPS trajectory data. Clustering-based methods are also used for extracting road structures from GPS trajectories [14] - [17] . In these methods, the turning points or trajectories are clustered and, each cluster is assumed as an intersection or a road segment [15] , [16] . In clustering methods, wrong trajectory clusters may be generated if two or more road intersections/segments are close to each other.
In summary, due to the inherent characteristics of trajectory data such as noise and sampling heterogeneity, road map generation faces great difficulties. Scholars have begun to design a robust road generation algorithm that takes into account trajectory noise and sampling heterogeneity [18] , [19] , and these algorithms are compared in our experiments.
B. ROAD MAP MICROSTRUCTURE ACQUISITION
Road microstructures, whose details are usually absent in existing road maps, are crucial for smart driving and planning. Tang et al. [20] , [21] and Uduwaragoda et al. [22] used GPS trajectories to identify the number of lanes. Yang and Ai [23] and Li et al. [24] used GPS trajectory data to extract gas stations, parking lots and several other facilities along roads. Li et al. [25] and Xie et al. [26] respectively developed the dominant orientation alignment and the longest common subsequence algorithms to reconstruct road intersections with more details using GPS trajectories.
C. ESTIMATING THE SEMATIC ATTRIBUTES OF ROAD MAPS
Several methods have been developed to estimate the average travel time [27] , speed limit, average speed, congestion and level of each road segment [28] . Typically, Wang et al. [29] extracted the road intersections and then studied the traffic rules at each intersection. Recently, 3D information extraction of road networks based on GPS trajectory data has also been studied, for example, John et al. [30] derived the street incline value based on OpenStreetMap (https://www.openstreetmap.org/) GPS trajectories. These sematic attributes are further used for route planning system and traffic condition monitoring [12] , [31] . This paper focus on the detection of road geometric structures. Although many efforts have been made to extract the geometric structures and semantic information of the roads based on GPS trajectory data, existing methods still suffer from several problems on trajectory data with noise and uneven density distribution [18] , [19] , especially the commonly used low-frequency GPS trajectory data (low quality GPS data). The low quality GPS trajectory data has several characteristics that makes it difficult to identify the true structures embedded in the GPS data points. Initially, the GPS points of trajectories collected by GPS devices contain a large amount of noise. Some of noise may be systematic errors from the GPS devices or might be the random errors. Secondly, density of GPS trajectories is spatially unevenly distributed, which makes most of the existing road generation methods can only capture the main roads with high density [2] - [6] , [12] , [14] - [22] , [25] , [26] , [29] . To reduce the impact of the two mentioned characteristics, some tedious preprocessing steps are usually needed to obtain relatively ''clean'' trajectory data before road generation methods are applied [7] - [17] , [41] , [42] . Otherwise, the result will be greatly affected. These GPS trajectory characteristics are inherent, which and adds difficulty to the road map generation algorithms, the same to road information extraction algorithms. In the next sections, we will discuss the main difficulties of road map generation based on low quality GPS trajectory data and then give the structure learning based strategy to solve these difficulties.
It has been already demonstrated that many datasets contain a special structure embedded in the intrinsic space [32] - [35] . The motivation of graph structure learning is to extract the latent graph structure [36] - [39] from original datasets. For example, Cheng et al. [36] learned an l 1 graph from real-world image datasets and Mao et al. [38] , [39] separately learned a minimum spanning tree and l 1 graph from facial expression images. Graph structure learning algorithms have the advantage of robustness, validity, and superiority and can learn potential graph structures in original data space. In fact, the road network is a natural and typical graph structure, which can be seen as the principal graph structure of massive GPS trajectory points. From this point of view, this paper presents a novel road map generation method based on the principal graph structure learning. We modeled road network generation from GPS trajectory points as a graph structure-learning problem. A novel approach is developed to extract the road network by using the principal graph structure learning and tree linking method. By optimizing a simple objective function, the principal graph structure corresponding to the underlying road map of GPS trajectories can be obtained directly and the edges of the graph are the principal lines of the GPS sample points. Extensive preprocessing steps are unnecessary for the proposed method due to its robustness to the noise points and uneven density distribution.
After the introduction, the challenges in extracting road maps using low quality GPS trajectory data are described in Section II. Section III presents the novel strategy and the proposed method. The experiments and comparison analysis are described in Section IV. Finally, the conclusion and future work are given in Section V.
II. CHALLENGES IN EXTRACTING ROAD MAPS USING GPS TRAJECTORIES
GPS trajectory data are widely collected by taxi companies and commercial road mapping agencies. In China, taxis are equipped with GPS receivers for the purpose of communication and supervision. In the urban environment, the quality of taxi GPS trajectory data is usually low due to the loss of satellite signals by obstructions from buildings, tunnels and trees and this leads to low positioning accuracy. Wang et al. [40] analyzed the quality of real-life taxi GPS trajectory data and pointed out that low quality GPS trajectory data put significant challenges to road map generation algorithms. According to their study, the sample interval of taxi GPS data in Shanghai ranges from 1-360 seconds, location precision along the longitude and latitude is about 8.5-11.1 meter. When road map generation algorithms applied, several major challenges exist to make use of the widely collected low quality GPS trajectory data:
1) The density of GPS trajectories are unevenly distributed. As shown in Figure 1 -A, the density of GPS trajectories in the main roads (a) is generally much higher than that of the minor roads (b), resulting in difficulties in extracting low-level roads with low density.
2) GPS Trajectories contains lots of noise. Duo to the systematic and random errors of GPS receivers, there are a number of anomaly trajectories in the data. Multipath effects or the loss of satellite signals may cause these errors as result of obstructions from buildings and trees [40] . In the absence of prior knowledge, these errors are hard to identify and eliminate, which causes: a) Poor quality of the trajectory data: for example, there are a large number of trajectory abnormalities in the non-road area ( Figure 1-A) ; b) Discontinuity of the trajectory in space ( Figure 1 -B: track point No. [7] [8] : the abnormal distance between adjacent GPS points. Noises in low-quality GPS trajectory data creates great difficulties in extracting the road network. Specially, the road map generation algorithms based on map matching [5] , [6] , [9] , trajectory alignment [41] , [42] , the gravity model [8] and weighted Delaunay triangle [13] may generate wrong roads from trajectory data with noise.
3) Difficulty in data clean and pre-processing. Before the map generation algorithms are applied, data clean and preprocessing steps are usually needed to obtain a relatively ''clean'' data such that the trajectory points are mainly distributed on the road surface to ensure the relative accuracy of the extraction results [7] - [17] , [28] , [41] , [42] . However, data cleaning and pre-processing steps for GPS trajectories are complex and hard to remove system errors, resulting in difficulties in obtaining reasonable road maps. For example, trajectories on lower-level roads/intersections may be unfortunately removed according to the density threshold when kernel density estimation method [29] is used to remove noises in GPS trajectory data ( Figure 2 -B, red ellipses).
The noise and uneven density distribution of GPS trajectories pose significant challenges to road map generation from GPS trajectory data, especially for the use of low-quality GPS trajectory data. The robustness, effectiveness and flexibility are the main restrictions of existing road map generation algorithms. How to make full use of the low-quality GPS trajectory data and to develop a more robust and flexible approach for road map generation are still necessary. In this paper, a novel approach is developed to learn the road map from the trajectory data directly, and few pre-processing steps are required for the proposed method and the road network structure is estimated via a robust and flexible graph structure learning strategy. The details of this method are described in the following.
III. METHODOLOGY
As discussed in above section, the biggest challenge to generate road maps from low-quality GPS trajectories is how to handle the noise and uneven density distribution of GPS trajectory data. Considering the fact that the peaks of GPS trajectory density tend to be distributed in the center of the road surface, therefore, the centerlines of generated road map should be consistent with the peak points, in order to improve VOLUME 6, 2018 the precision of road map generation algorithms. Based on this, this paper thus proposes a structure learning and tree graph linking strategy to generate high precision road map as described below.
A. STRATEGY
It is obvious that most of vehicles travel on the road surface, therefore, the embedded undirected graph of the GPS trajectory points in R 2 naturally represent the geometry and topology of real-world road network, which is an approximation of the original real-world road network. In this paper, the road network is modelled as a graph:
Where V 0 is the node of the graph, E 0 is the edge of the graph, and W 0 is the adjacency matrix of the graph. The road segments are expressed by the edges of the graph. Given a set of GPS trajectory points in the plane, the goal of this paper is to reconstruct an undirected graph G opt = (V opt , E opt , W opt ) that best fits the trajectory points. The best-fitting graph G opt is called the principal graph [35] , [36] . Since the road segments are usually straight lines or smooth curves, the reconstructed graph G opt should meet the following two demands: a) Minimize the distances of all the GPS trajectory points to G opt ; b) The edges of G opt are straight lines or smooth curves and the sum of the lengths of all edges should be short as possible. These two demands are necessary, the first condition ensures that the principal graph will pass through all these GPS points, no matter it is high or low density area. In this way, the uneven data density distribution is considered. However, the first condition can be easily satisfied when a graph pass through all the GPS points, which means, every GPS points represent each node in V opt of G opt . Under this situation, the sum of the distance is zero. Therefore, the second condition is needed to make the graph G opt more regular and ensures G opt can represent the domain structure of the data. When compute the embedded principal graph in GPS trajectory data, the trade-off parameter between condition a) and condition b) is required.
Fortunately, the first and the second condition can be satisfied by graph structure learning that introduced in [38] and [39] . The input data of graph structure learning strategy is a set of GPS trajectory points with spatial locations (x, y), and the output result is the estimated principal graph G opt that best fits the input points. To find the best-fitting graph G opt that represents the original road network G 0 , the reversed graph embedding technology is proposed and used in this paper [39] . Based on the graph structure learning strategy, a novel method is proposed for automatic generation of road maps from low-quality GPS trajectory points. Since the graph structure learning strategy is robust to noise and uneven density distribution, the proposed method is not sensitive to the noise and the uneven density distribution of GPS trajectory points. More details are described in the following section.
B. GRAPH STRUCTURE LEARNING FROM GPS POINTS
In order to find the principal graph of GPS points, the reversed graph embedding technology is used in this paper. We firstly introduced the Graph embedding to make the proposed method easier to understand.
1) GRAPH EMBEDDING
We introduce the graph embedding method before introducing reversed graph embedding. Let X = {x 1 , x 2 . . .
Graph embedding is a feature transformation operation that maps the high-dimensional input data X into a low-dimension data Y = {y 1 , y 2 . . .
such that Y can preserve the local proximity relationship between points of X. The local proximity relationship is typically captured by a graph G re = (V re , E re , W re ). For example, the k-nearest neighbor graph (kNN). Laplacian Eigenmaps is one of the commonly used methods for graph embedding. It assumes that the corresponding data points of two neighboring points (x i and x j ) of the input space R D are also close to each other in the low-dimension latent spaceR d after the transformation. Based on this assumption, a cost function for the transformation from X to Y is defined:
Where w ij is a member of W re indicating the weight of x i and x j , measuring the degree of spatial proximity of the neighboring points in X; y i is the corresponding point of x i in the latent space R d . The cost function ensures that the local proximity relationship of Y after transformation is similar with that in the original space X. The graph embedding is to compute the latent space Y by minimizing Eq. (2).
2) PRINCIPAL GRAPH STRUCTURE CONSTRUCTION
In order to capture the best-fitting graph of GPS points in the original space X, a graph structure learning by reversed graph embedding technology [39] is used in this paper. In contrast, the goals of reversed graph embedding is to compute a graph based projection function h G that maps y i to h G (y i ) ∈ X. Given a principal graph G opt , the weight w ij measures the local proximity of Y between each pair of the points (i.e. the similarity between y i and y j ). The intuition of reversed graph embedding is that if y i and y j are close to each other on G opt , then the corresponding points h G (y i ) and h G (y j ) in the input space X are also close to each other. This ensures the ability that Y fully represents X, and the graph G opt is the principal graph of X. Therefore, in order to capture this intuition, the following objective function is proposed to be minimized similar to Laplacian Eigenmaps:
This objective function generally meet the demand of condition b) if we initialize Y = X. If the number of edges of G opt do not change, when Eq.(3) is minimized, it means that all the distances by the connected edges of G opt are computed and minimized to meet the demand of condition b). Therefore, the important step is to find a graph with unchangeable number of edges. In this paper, MST is used as the initial graph G opt , which is sparse, and each edge represents a road segment.
3) DISTANCE OF THE GPS POINTS TO G opt
The sum distance of all GPS points to G opt should be computed and minimized to make the principal graph more representative of X. Thus, the following objective function is proposed and minimized:
Where P is the membership matrix, p i,k is the probability that x i represented by h G (y k ), and
The logarithm of p i,k is calculated to be the negative entropy regularization. The function defined in Eq. (4) take all the GPS points into consideration and the low-density points can also be represented in the reconstructed principal graph. As a result, the proposed method based on Eq. (4) is robust to noise and uneven density distribution of GPS trajectories.
4) THE OBJECTIVE FUNCTION AND OPTIMIZATION
The objective of this paper is to compute the best-fitting graph of the input GPS trajectory points. Since the road segments are usually straight lines or smooth curves, the principal graph that represents the underlying road network should be regular as possible. The Eq. (4) only can guarantee the closeness of the nodes of the computed principal graph to the original GPS trajectory points, and a penalty function should be defined to reduce the complexity of the final graph, that is condition b), Eq. (3). Then the total objective function to reconstruct principal graph from GPS trajectory points is defined as:
Where C is the set of nodes of the principal graph G opt , P is the membership matrix, and W opt is the connection weight matrix of G opt . The first term of the objective function is the data-fitting term (condition a) and the second term is the penalty term (condition b), and γ is a trade-off parameter between the data-fitting term and the penalty term. The datafitting term ensures the nodes/vertices of the computed principal graph G opt maintain the local proximity of the original trajectory point data and the penalty term ensures the edges of the computed principal graph are straight and smooth.
The problem defined in Eq. (5) is a biconvex optimization problem. We solve it using the alternate convex search [39] . As discussed above, first, C is initialized with original input points then compute matrix P and W opt (stage 1: graph construction); when P and W opt estimated, then C iteratively updated using P and W opt (stage 2: optimization); repeat the above steps until the value of the objective function defined in Equation 5 become less than the predefined threshold e. Stage 1. Graph construction: compute the matrix P and W opt : Mao et al. [38] , [39] give analytical solution to solve P for fixed C:
Then, the W opt is computed based on C. Actually, when C is known, the fitting term in Eq. (5) is a constant, only the penalty term in Eq. (5) need to be solved. The penalty term is actually the objective function of Kruskal's algorithm to construct MST. Therefore, the Kruskal's algorithm [43] is used to calculated W and a MST is constructed.
Stage 2. Optimization: for fixed P and W opt , a newC can be re-calculated. Eq. (5) can be rewritten as:
Where L is the Laplacian matrix of the graph and is the degree matrix of the graph. With the transformation, the problem defined in Eq. (7) becomes an unconstrained quadratic programming problem. In this paper, we use the analytical solution that are given in [39] :
Note that the inverse of (2γ −1 L+D) always exists because the Laplacian matrix L is a positive semi-definite matrix and D is a positive diagonal matrix.
Finally, the algorithm implementation for computing the principal graph (road network) from the GPS trajectory points is given as follows, where F(i) is the value of the objective function defined in Eq.(5) at the ith iteration, e is the threshold that the total objective function value changes at the program looping process:
C. ROAD MAP GENERATION
Based on Algorithm 1, the principal graph of the original GPS trajectory data is obtained. Note that the computed principal graph is a MST graph and some dangling edges exist. Therefore, the neighboring endpoints of the best fitted MST need to connect to form a complete road network summarized as follows: VOLUME 6, 2018
Algorithm 1 Principal Graph Algorithm
Input: GPS trajectory points and parameters: X, γ , σ , e Output: the principal graph: C, W opt 1. Initialize: C = X 2. Repeat: 3. Calculate P:
, ∀i, j
4.
Calculate W opt : construct MST for C; 5.
Update C: 
1) POINT MATCHING
Let G opt (MST) be the final generated principal graph by Algorithm 1. Firstly, the buffer (distance threshold: thres = 50m) of G opt is created to match the original trajectory points to G opt and the unmatched GPS points are obtained (Figure 3 -A), recorded as P umat = {P 1 , P 2 , . . . , P i , P i+1 , . . . , P M }.
2) ADAPTIVE POINT CLUSTERING FOR UNMATCHED GPS POINTS
An adaptive spatial point clustering algorithm (ASCDT) proposed in [44] is implemented in this paper to divide the unmatched points into different clusters, which contains the following steps:
Step 1: The Delaunay Triangulation (DT) is firstly generated for all unmatched GPS points P umat , as shown in Figure  3 -B.
Step 2:Compute the globallong value of each unmatched GPS point P i based on Eq. (9), then delete the edges connected with P i whose lengths larger than globallong.
Where E DT represents the average length of all the edges in DT, var(E DT ) stand for the standard deviation of the lengths of edges in DT, E 1 DT (P i ) represents the average length of edges that connected with P i , α is a shrink factor, set as 1.0 by default.
Step 3: Generate k sub graphs {G 1 . . . G i . . . G k } of DT when Step 2 is implemented, then compute the locallong value of P i based on Eq. (10) for each sub graph G i . Delete the edges of each sub graph G i with the length larger locallong.
Where E
is the average length of all the second-order edges that connected with P i in G i , avg_var (G i ) is the mean of standard deviation of directly connected edge lengths of each point P i in G i , β is a control factor, set as 1.0 by default.
Step 4: Generate t sub graphs {G 1 . .
Step 3 is implemented, all these t sub graphs are the spatial clusters of P, as shown in Figure 3 -C, D.
3) CLUSTER FITTING AND ROAD MAP GENERATION
Delete spatial point clusters with a minimum bounding rectangle (MBR) whose long-short edge ratio less than 1.5, each of the remaining clusters is fitted to a road segment (Figure 3 -E) using piece-wise linear fitting and connect to G opt to obtain a complete graph structure that represents the real road network. This procedure refines the topology of the reconstructed road network and corrects the topological errors. Furthermore, topology of generated road map is revised by ArcGIS toolbox topology editing tools (Figure 4) . The topology relation of road maps is important for navigation and route planning.
IV. EXPERIMENTAL ANALYSIS
In the experiments, we first carried out the parameter analysis and the simulated data analysis on the proposed method, and then used three widely used benchmark trajectory datasets [45] and the taxi GPS trajectory data of Wuhan, China to verify the effectiveness of the proposed method. Four state-of-the-art road map generation algorithms are selected for the comparison analysis. Finally, the F-Score [5] , [45] is calculated to evaluate the performances of these algorithms.
A. SIMULATED EXPERIMENTS 1) PARAMETER ANALYSIS
In this paper, we simulated a group of tree-like distribution trajectory point datasets to analyze the sensitivity of the parameters: γ = 1 and σ = 0.002 reflects a comparison standard because we obtained the best-fitting principal graph As shown in Figure 5 , when σ is 0.002, compared with γ = 1 and change of γ to 100, generated graph changes little. However, when γ changes to 0.001, the fitting result of the principal graph is bad. In fact, in the objective function F , the larger γ (γ = 100) increases the weight of the objective function of fitting term and the principal graph is closer to the middle of the spatial distribution of the GPS trajectory points. When γ becomes smaller (γ = 0.001), the fitting effect of the principal graph becomes worse due to the smaller weight of the objective function of the fitting term.
When γ is 1, compared with σ = 0.002, then change σ to 0.01, the fitting effect of the principal graph worsens, σ decreases (σ = 0.0001), the edge of the principal graph is ''over-fitting,'' and lots of glitches occur. In fact, when σ increases, more trajectory points may belong to a certain vertex of the principal graph. On the contrary, fewer trajectory points belong to the vertices of the principal graph when σ is smaller. Therefore, the larger σ is, the more vertexes it represent in the principal graph. A smaller σ will generate burrs. Based on the sensitivity analysis, γ is set to 1 and σ is generally set to 0.001 in this paper.
2) SIMULATED DATA ANALYSIS
To verify the effectiveness of the proposed method for a large number of anomalies and the uneven density distribution, four simulated datasets were used. These four simulated trajectory datasets were generated as follows: 1) trajectory point data with a tree-like distribution feature (parameters: γ = 1, σ = 0.001); 2) tree-like trajectory point dataset with anomalies (parameters: γ = 1, σ = 0.001); 3) data of the trajectory points of the tree distribution with huge difference in the spatial density distribution (parameters: γ = 1, σ = 0.001); and 4) trajectory point dataset with non-tree distribution (parameters: γ = 1, σ = 0.001). The final results are shown in Figure 6 . Figure 6 -A shows that the principal graph passes the middle of the density distribution of the dataset, indicating the high precision of the principal graph based on reversed graph embedding. The dataset in Figure 6 -B contains a large number of noise points, the generated principal graph still passes the center density area of the dataset. The trajectory density of the upper right area in Figure 6 -C is much greater than that of the lower area, but it does not affect the final extracted road network, which indicates the effectiveness of our proposed method in the case of generating road networks from spatially unevenly distributed GPS datasets. The trajectories in Figure 6 -D show uneven density distribution and the data are not tree-shaped. After the principal graph algorithm is implemented, the correct road network result obtained.
B. EXPERIMENTAL RESULTS OF REAL DATASETS 1) DATASETS
In this paper, four real datasets from different cities are used to verify the proposed method as shown in Figure 7 : 1) Chicago trajectories are obtained by university shuttle buses [5] , [6] , covering about an area of 7km * 4.5km; 2) Athens trajectories are collected by Athens school buses, covering about an area of 2.6km * 6km; 3) The Berlin trajectories are obtained by a taxi fleet with an area of about 6km * 6km; 4) The final Wuhan dataset is collect by the Wuhan floating cars on May 1, 2014, covering an area of about 3km * 3km.
The Chicago, Athens, Berlin datasets are widely used benchmark datasets for road map construction [45] . All these datasets can be find on the http://mapconstruction.org Web site. Wuhan dataset is used for road map generation as an example of China's cities. These datasets are from different countries, which are collected by different types of vehicles, and sampled by different time intervals. Furthermore, the density of GPS trajectories is unevenly distribute in space, the road network sizes are diverse. These datasets are well suited to validate the effectiveness of the proposed method for trajectories from different platforms, sampling rates, and cities. The statistics are listed in Table 1 .
2) ROAD MAP GENERATION RESULTS
The road map generation results of Chicago, Athens, Berlin and Wuhan are shown as Figure 8 , with benchmark datasets displayed (http://mapconstruction.org). All these results are generated with γ to be 1 and σ to be 0.001.
As Figure 8 shows, Chicago and Athens datasets are sparsely sampled, with GPS point density unevenly distributed in space. The proposed method generated reasonable results of Chicago and Athens datasets, especially in low-density areas. For example, at the bottom left of Chicago dataset, only two trajectories exist, the proposed still successfully extracted the road lines. Athens dataset is sparser, the generated road map pass through the middle of the trajectory density distribution, trying to extract reasonable road lines. However, the sampled GPS trajectories are so sparse that may not reflect the true road map, this may cause some wrong road lines generated by the proposed method. For Berlin and Wuhan datasets, lots of outliers exist, which may be caused by system errors, sampling rate or random errors. The proposed method still generated reasonable road maps from these noisy trajectories through robust structure learning and topological modification. Roadways pass through the center of the density distribution, indicating high geometry precision. The road topology is well maintained. What needs to be discussed is the result of the generated road map of Berlin, it contains some hanging roadways. Berlin dataset contains so much noise and the streets are much denser, adaptive points clustering and topological modification may not be of full capacity and some hanging roadways may exist.
C. COMPARATIVE ANALYSIS
In this section, four state-of-the art road map generation algorithms, i.e. Ahmed's method [9] , Biaginoi's method [5] , [6] , Karagiorgou's method [15] and Wang's method [18] , [19] selected for comparison analysis according to Ahmed's research [45] . Wang's method [18] , [19] is selected because of its robustness and effectiveness. Ahmed's method has a parameter, eps, which is set to be 90 meter in the experiment. The gaussian_blur is set to be 17 of Biaginoi's method. For Karagiorgou's method, the dist = 40m, angle_torrance = 12.5. These parameters are set according to previous researches of these methods. Wang's method uses the Morse theory to find the ridge line of the density map of GPS trajectories and refines the results by an augmentation process. It has an important parameter called 'Persistent', which will greatly affect the generated results. According to [18] , Persistent = 0.01 and Persistent = 0.001 are used in the experiments, respectively. The generated road maps by these four algorithms are all shown in Figure 9 . Note that Wang's method has two groups of results (Persistent = 0.01 and Persistent = 0.001).
For Chicago and Athens dataset, Ahmed's method extracted more reasonable road map, with the ability to generate road segments at low-density areas. When 'Persistent' became smaller (Persistent = 0.001), Wang's method can also generate road lines at low-density areas, however, some wrong road segments appears because of anomalous trajectories exist. Biaginoi's method and Karagiorgou's method are not able to generate road lines at low-density areas. For Berlin dataset and Wuhan dataset, Ahmed's method performed worse and lots of burrs were also generated. Karagiorgou's method detected some wrong road intersections, especially for Berlin dataset, and generated some wrong road segments. Biaginoi's method and Wang's method (Persistent = 0.001) are better. Through comparative analysis, it can be found that Wang's method are the best to generate road networks if the parameter 'Persistent' is carefully selected, however, with reasonable 'Persistent', it may also generate few wrong road segments duo to the impact of anomalous trajectories. Biaginoi's method performed well for road map generation, but it may also miss some road segments in low-density areas because high density areas have more impact on the detection of roads than that in low density areas. Karagiorgou's method and Ahmed's methods are not robust to noises and may generate some wrong road segments. At some times, Karagiorgou's method may generate reasonable road maps, however, Karagiorgou's method has bad performance in the experiment, it may be caused by the difficulty of parameter setting. Compared with the results in Figure 8 , it can be seen that the proposed method is more robust to the noise and our method performs well when trajectories are unevenly distributed in space (as shown in Figure 8 , the density of trajectories in the blue boxes is much lower than that in other areas, however, the road lines still were generated).
D. EVALUATIONS
In order to verify the effectiveness of the proposed method and make a reasonable comparison among different road map generation algorithms, the widely used F-Score [5] , [45] is chosen. The ground truth road maps of Chicago, Athens, and Berlin are downloaded from the website http://mapconstruction.org, the ground truth road map of Wuhan is downloaded from the OpenStreetMap website (https://www.openstreetmap.org), which are displayed in Figure 8 . Benchmark data of Chicago is visually selected to remove road segments that have no matched trajectories, because the generated road map is only a small part of the downloaded benchmark road map data, and this will make the F-Score extremely low. F-Score is a graph-sampling based distance measurement to determine the matching degree between generated road map and the ground truth. It starts from a random road map location and inspect the topology of two road maps by placing sampled points on each road map during a network traversal outward within a maximum radius. Therefore, the local connectivity and geometry are fully inspected at a more detailed level. In this paper, the matching threshold is set to be 5-50m to provide the matching degree between the generated road map and the ground truth map at different matching distances. Figure 10 shows the F-Score of different algorithms on the four trajectory datasets.
From Figure 10 , we can see that the proposed method has larger F-Score under most of the situations, indicating the effectiveness of the proposed method on different trajectory datasets from different platform, density and sam-pling rate. For Chicago dataset, Ahmed's method and Wang's method (Persistent = 0.001) have larger F-Score, this is consistent with the analysis in section C. The rank of F-Score of different algorithms on Athens dataset seems similar with that on Chicago dataset, because these two datasets are sparsely, however, relatively high-frequency sampled. For Berlin dataset and Wuhan dataset, Wang's method (Persistent = 0.01) and Ahmed's method have lower F-Score, Wang's method (Persistent = 0.001) and Biaginoi's method have larger F-Score. Among all the four datasets, Karagiorgou's method has no significant larger F-Score. The F-Score values may be influenced by different benchmark road map datasets, different parameter settings and so on, therefore, the F-Score calculated in the experiment may not be consistent with that in Ahmed's result [45] .
V. CONCLUSION AND FUTURE WORK
In this paper, we proposed a novel method for road map generation from the low-quality GPS trajectory data by using graph structure learning. The challenges of existing road map generation methods for the widely acquired low-quality GPS trajectory data are analyzed, i.e. the noise and uneven density distribution reduce the power of most of the existing methods. To reduce the influence of the noise and uneven density distribution, we first modeled the problem of generating a road map from the low-quality GPS trajectory data as the problem of learning an embedded graph structure (i.e. principal graph) from the GPS trajectory points. This idea is based on the consideration that the underlying road network is a natural and typical principal graph of the GPS trajectory points. Then, a global optimization objective function is defined to compute the principal graph (road network) from the original GPS trajectory points. With the principal graph structure learning and iterative optimization, the proposed method is robust to the noises, low sampling rate and uneven density distribution. The simulation analysis and experimental results on simulated data and real-world data show effectiveness and strength of our method with comparison to the state-of-the art methods.
However, the proposed method in this paper has several limitations. Some dangling edges may generated by Algorithm 1. Therefore, a simple refinement procedure is used to create a complete network and it performed well on four test datasets. However, the refinement procedure have some limitations for denser areas in the Berlin dataset, some branch road segments are not well connected. More tests should be conducted to evaluate the procedure. In general, the proposed method shows its ability and great potential for road map generation using the low-quality GPS trajectory data.
